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Abstract:	Numerous	canopy	radiative	transfer	models	have	been	proposed	based	on	the	29 assumption	of	“ideal	bi-Lambertian	leaves”	with	the	aim	of	simplifying	the	interactions	30 between	 photons	 and	 vegetation	 canopies.	 This	 assumption	 may	 cause	 discrepancy	31 between	the	simulated	and	measured	canopy	bidirectional	reflectance	factor	(BRF).	Few	32 studies	have	been	devoted	to	evaluate	the	impacts	of	such	assumption	on	simulation	of	33 canopy	 BRF	 at	 a	 high-to-medium	 spatial	 resolution	 (~30m).	 This	 paper	 focuses	 on	34 quantifying	the	contribution	of	leaf	specular	reflection	on	the	estimation	of	canopy	BRF	35 under	 a	 black	 soil	 case	 using	 one	 of	 the	most	 efficient	 radiative	 transfer	models,	 the	36 stochastic	radiative	transfer	model.	Analyses	of	field	and	satellite	data	collected	over	the	37 boreal	Hyytiälä	forest	in	Finland	show	that	leaf	specular	reflection	may	lead	to	errors	of	38 up	to	33.1%	at	550	nm	and	32.8%	at	650	nm	in	terms	of	relative	root	mean	square	error.	39 The	results	suggest	that,	in	order	to	minimize	these	errors,	leaf	specular	reflection	should	40 be	accounted	for	in	modeling	BRF.	 	41 	42 Key	 words:	 leaf	 specular	 reflection;	 stochastic	 radiative	 transfer	model;	 bidirectional	43 reflectance	factor	44 
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1.	Introduction	45 
 46 Numerous	 canopy	 radiative	 transfer	 (RT)	models	have	been	proposed	 to	provide	47 logical	 linkage	 between	 vegetated	 scene	 components	 (e.g.,	 vegetation	 canopy	 and	48 underlying	background)	and	remote	sensing	observations,	such	as	1-dimensional	(Kuusk,	49 2001;	Pinty	et	al.,	2006;	Suits,	1971;	Verhoef,	1984),	3-dimensional	(Gastellu-Etchegorry	50 et	al.,	2004;	Kuusk	and	Nilson,	2000;	Myneni	et	al.,	1992)	and	stochastic	(Huang	et	al.,	51 2008;	Shabanov	et	al.,	2000)	RT	models.	The	models	are	based	on	different	assumptions	52 necessary	to	simplify	the	interactions	between	photons	and	vegetation	canopies.	“Ideal	53 bi-Lambertian	leaves”	is	among	one	of	the	mutual	assumptions	in	practice	for	majority	of	54 the	widely	used	canopy	RT	models,	i.e.,	individual	leaves	are	assumed	to	scatter	incident	55 sunlight	isotropically.	However,	this	is	not	the	case	in	reality.	56 Sunlight	 scattered	 by	 a	 leaf	 includes	 two	 components,	 specular	 and	 diffuse	57 (Bousquet	et	al.,	2005;	Brakke,	1994;	Vanderbilt	et	al.,	1991).	The	specular	component	58 results	 from	 single	 scattering	 at	 air-cuticle	 boundary.	 It	 exhibits	 obvious	 angular	59 dependences	on	sun-sensor	geometry	(Grant,	1987;	Vanderbilt	et	al.,	1991).	The	second	60 component,	which	is	primarily	from	multiple	scattering	in	leaf	interior,	follows	a	near-61 Lambertian	angular	distribution	(Xie	et	al.,	2017).	Therefore,	 individual	leaves	are	not	62 ideal	diffusers.	Studies	have	shown	that	leaf	specular	reflectance	varies	with	leaf	surface	63 features	 (Grant	 et	 al.,	 1993;	 Vanderbilt	 et	 al.,	 1991)	 and	 can	 even	 be	 >50%	at	 visible	64 wavelengths	(Goel,	1988).	65 
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The	assumption	of	“ideal	bi-Lambertian	leaves”	can	thus	cause	discrepancy	between	66 the	simulated	and	measured	canopy	bidirectional	reflectance	factor	(BRF)	(Stuckens	et	67 al.,	 2009),	 which	 may	 introduce	 unpredictable	 errors	 in	 remote	 sensing	 of	 leaf	68 biochemical	constituents	and	canopy	structure	(Chen	et	al.,	2017;	Wang	et	al.,	2017;	Yan	69 et	al.,	2016).	Studies	have	suggested	that	including	leaf	specular	reflection	in	RT	models	70 can	yield	more	realistic	canopy	BRF	using	computer	simulations	and/or	field	data	at	a	71 fine	scale	(Ross	and	Marshak,	1989;	Stuckens	et	al.,	2009;	Xie	et	al.,	2017).	However,	few	72 efforts	have	been	devoted	to	extend	the	evaluation	to	a	high-to-medium	spatial	resolution	73 (~30m).	Such	evaluation	is	critical	for	remote	sensing	community	because	many	space-74 /air-borne	sensors	are	designed	for	collecting	BRF	data	at	such	scale,	e.g.,	EO-1	Hyperion	75 (Pearlman	et	al.,	2003),	Landsat	8	OLI	(Roy	et	al.,	2014)	and	ER-2	AVIRIS	(Vane	et	al.,	76 1993).	 	77 The	objective	of	this	paper	is	to	analyze	the	contribution	of	non-Lambertian	leaves	78 in	RT	models	under	black	soil	case.	 In	 this	case,	 the	canopy	 is	bounded	at	below	by	a	79 completely	absorbing	background	(Myneni	et	al.,	2002;	Shabanov	et	al.,	2000).	Stochastic	80 radiative	transfer	model	(SRTM)	and	data	collected	over	Southern	Finland	at	a	high-to-81 medium	spatial	resolution	(~30m)	were	used	for	analyses.	 	82 	83 
2.	Methodology	84 
2.1	Study	area	and	data	used	85 
	86 
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The	study	utilizes	field	and	satellite	data	collected	and	processed	by	the	researchers	87 from	the	University	of	Helsinki	as	documented	 in	(Heiskanen	et	al.,	2013;	Lukeš	et	al.,	88 2013;	Rautiainen	et	al.,	2011).	Field	and	satellite	data	were	collected	between	June	and	89 July,	 2010	 and	 2012.	 The	 study	 area,	 Hyytiälä	 forest,	 is	 located	 in	 southern	 Finland	90 (61°50′N,	 24°17′E).	Norway	spruce	(Picea	abies),	Scots	pine	(Pinus	sylvestris)	and	Silver	91 birch	 (betula	pendula)	 represent	 the	 three	dominated	 tree	 species	 typical	of	southern	92 Finland.	The	area	is	bounded	at	below	by	reflective	understory	which	can	be	classified	as:	93 xeric,	sub-xeric,	mesic	and	herb-rich	(see	(Rautiainen	et	al.,	2011)	for	details)	of	which	94 eighteen	study	plots	were	selected	(Fig.1	and	Table	1)	and	classified	as	"spruce",	"pine"	95 or	"birch"	if	more	than	50%	of	the	trees	(by	stem	count)	belongs	to	the	same	tree	species.	 	96 	97 
	98 Fig.1.	 Spatial	 distribution	 of	 the	 18	 study	 plots	 located	 at	 Hyytiälä	 forest.	 The	99 “spruce”,	“pine”	and	“birch”	plots	are	labeled	by	“S1,	S2,	…,	S7”,	“P1,	P2,	…,	P4”	and	“B1,	100 B2,	…,	B7”,	respectively.	The	background	is	a	true	color	composite	image	from	Hyperion	101 measurement	acquired	on	July	3,	2010.	102 	103 
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Table	1.	Summary	of	the	18	study	plots.	For	details	on	the	understory	types,	readers	are	104 referred	to	the	original	paper	by	(Rautiainen	et	al.,	2011).	105 
Description	
Coniferous	 	 Broadleaved	Norway	spruce	 Scots	pine	 	 Silver	birch	Number	of	plots	 7	 4	 	 7	Effective	leaf	area	index	 2.43-4.57	 1.77-3.45	 	 2.58-4.12	Mean	tree	height	(m)	 7.5-16.8	 15.8-18.6	 	 11.7-23.1	Plot	basal	area	(𝑚-/ℎ𝑎)	 10.0-31.7	 20.4-26.0	 	 10.7-27.2	Mean	diameter	at	breast	height	(cm)	 8.8-18.9	 17.7-25.1	 	 8.9-24.3	Percent	of	dominate	species	(%)	 51-99	 65-100	 	 52-100	Understory	types	 mesic,	xeric	 mesic,	sub-xeric	 	 mesic,	herb-rich		106 The	effective	leaf	area	index	(LAI)	and	angular	profiles	of	canopy	gap	fractions	at	five	107 zenith	angles	(7°,	 23°,	 38°,	 53°,	 68°,	Fig.2)	of	each	plot	were	measured	using	LAI-2000	108 Plant	Canopy	Analyzer	(see	(Heiskanen	et	al.,	2013)	for	details).	Regular	forest	inventory	109 data	were	 also	measured:	mean	 tree	 height,	 plot	 basal	 area,	mean	 diameter	 at	 breast	110 height	and	percent	of	dominate	species,	as	shown	in	Table	1.	 	111 	112 
	 	113 
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Fig.2.	Angular	profiles	of	canopy	gap	fractions	for	the	18	study	plots.	Legends	“7,	23,	114 38,	53,	68”	represent	zenith	angles.	The	upper/bottom	whisker	of	the	box	corresponds	115 to	maximum/minimum	measured	value.	116 	117 Leaf	 albedo	 is	 estimated	 as	 the	 sum	 of	 leaf	 directional-hemispherical	 reflectance	118 factor	 (DHRF)	 and	 directional-hemispherical	 transmittance	 factor	 (DHTF).	 DHRF	 and	119 DHTF	were	measured	using	an	ASD	FieldSpec	3	PRO	spectroradiometer	and	ASD	RTS-120 3ZC	integrating	sphere	in	350~1000	nm	(Lukeš	et	al.,	2013;	Rautiainen	et	al.,	2012).	The	121 dashed	 lines	 in	Fig.3	 shows	 the	measured	 leaf	 albedo	spectrum.	Nadir	hemispherical-122 conical	reflectance	factors	(HCRF)	of	the	four	typical	types	of	understory	were	measured	123 from	FieldSpec	UV/VNIR	 spectroradiometer	 in	 [325	 ,	 1075	nm]	 (see	 (Rautiainen	 and	124 Lukeš,	2015)	for	details).	The	solid	lines	in	Fig.3	represents	the	measured	HCRF	spectrum.	 	125 	126 
	127 Fig.3.	Spectra	of	estimated	leaf	albedo	for	birch,	pine	and	spruce	(dashed	lines)	and	128 measured	HCRF	for	mesic,	herb-rich,	sub-xeric	and	xeric	understories	(solid	lines).	129 	130 
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One	EO-1	Hyperion	image	(L1B	product)	acquired	over	the	Hyytiälä	forest	was	used	131 for	analyses.	The	solar	and	view	zenith	angles	were	 41.0°	 and	 13.8°,	respectively;	the	132 relative	azimuth	angle	between	the	solar	and	view	directions	was	 62.7°.	Approximation	133 of	surface	BRF	were	derived	from	the	Hyperion	image	after	removal	of	instrumental	and	134 atmospheric	effects	using	processing	techniques	documented	in	(Heiskanen	et	al.,	2013)	135 and	(Rautiainen	and	Lukeš,	2015).	The	spectra	of	mean	BRF	for	birch,	pine	and	spruce	136 are	presented	in	Fig.	5	(a-c),	which	will	be	explained	later	in	Section	3.	137 	138 
2.2	Canopy	scattering	139 	140 The	BRF	of	a	vegetation	canopy	with	a	reflective	background	can	be	approximated	141 using	the	theory	of	spectral	invariants	as	(Ganguly	et	al.,	2008b;	Knyazikhin	et	al.,	1998),	142 	143 𝐵𝑅𝐹7 = 𝑅1 − 𝑝𝜔7 𝜔7 + 𝑆7 = 𝐵𝑅𝐹>?,7 + 𝑆7.	 (1)		144 Here,	 𝑝 	 and	 R	 are	 canopy	 recollision	 probability	 and	 escape	 factor,	 respectively	145 (Knyazikhin	 et	 al.,	 2011;	 Schull	 et	 al.,	 2011;	 Shabanov	 et	 al.,	 2007;	 Smolander	 and	146 Stenberg,	 2005;	 Stenberg	 et	 al.,	 2016).	 𝜔7 	 represents	 leaf	 albedo	 which	 includes	 a	147 specular	 component	 caused	 by	 leaf	 cuticle	 and	 a	 diffuse	 component	 caused	 by	 leaf	148 interior,	i.e.,	149 	150 
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𝜔7 = 𝑠B + (1 − 𝑠B)𝜛7.	 (2)		151 Where,	 𝑠B	 is	leaf	specular	reflection	and	 𝜛7 	 represents	transformed	leaf	albedo	(Lewis	152 and	Disney,	2007).	For	clarity,	the	wavelength	subscription	has	been	omitted	hereafter.	153 The	first	term	in	the	middle	of	Eq.	(1)	is	the	BRF	of	a	vegetation	canopy	with	a	non-154 reflecting	background	(black	soil	case,	referred	as	 𝐵𝑅𝐹>?),	whereas	 𝑆	 accounts	for	the	155 contribution	due	to	canopy-ground	multiple	interactions	(soil	case)	(Ganguly	et	al.,	2008a;	156 Knyazikhin	et	al.,	1998;	Myneni	et	al.,	2002).	In	general,	the	background	contributes	to	157 canopy	BRF.	One	has	to	remove	its	contribution,	i.e.,	 𝑆	 in	Eq.	(1),	before	the	contribution	158 of	leaf	specular	reflection	to	 𝐵𝑅𝐹>?	 can	be	analyzed.	We	account	for	 𝑆	 using	SRTM.	159 	160 
2.3	Stochastic	radiative	transfer	simulations	161 	162 SRTM	is	as	realistic	as	the	3-D	models	and	as	simple	as	the	1-D	models	(Huang	et	al.,	163 2008),	and	has	been	widely	used	in	many	forward	BRF	simulations	(Huang	et	al.,	2008;	164 Shabanov	 et	 al.,	 2007;	 Shabanov	 et	 al.,	 2000).	 The	 current	 version	 of	 SRTM	 assumes	165 individual	 leaves	are	 ideal	diffusers.	For	a	given	vegetation-background	configuration,	166 𝐵𝑅𝐹>?	 and	 𝑆	 in	the	absence	of	leaf	specular	reflection	can	be	accurately	simulated	from	167 SRTM	(Huang	et	al.,	2008;	Knyazikhin	et	al.,	1998;	Yang	et	al.,	2017).	168 Structural	 parameters	 for	 SRTM	 simulation	 include	 pair-correlation	 function,	169 probability	of	finding	a	vegetated	point	at	a	given	depth	and	extinction	coefficient	(Huang	170 
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et	al.,	2008;	Yang	et	al.,	2017).	Such	parameters	can	be	easily	initialized	by	minimizing	171 the	difference	of	canopy	gap	fractions	based	on	effective	LAI,	canopy	gap	fractions	and	172 regular	forest	inventory	data	(Table	1	and	Fig.	2).	A	detailed	description	on	how	these	173 structural	parameters	can	be	initialized	for	the	SRTM	is	documented	in	(Yang	et	al.,	2017).	 	174 The	 tree	 crown	 level	 is	 selected	 as	 the	 basic	 structural	 element.	 Its	 scattering	175 coefficient	(ωG)	can	be	parameterized	as	a	simple	function	of	the	measured	leaf	albedo	176 (ωH)	following	(Smolander	and	Stenberg,	2005),	177 	178 ωG = 𝑘G1 − 𝑝GωH ωH.	 (3)		179 Where	 𝑝G 	 and	 𝑘G 	 are	within-crown	 recollision	 probability	 and	within-crown	 escape	180 probability,	respectively	(Knyazikhin	et	al.,	2013;	Yang	et	al.,	2016).	 	181 The	ground	contribution,	 𝑆,	for	a	given	study	plot	was	quantified	according	to	these	182 steps:	183 (1).	Initialized	structural	parameters	using	field	data	collected	at	the	study	plot.	 	184 (2).	 Calculated	 for	 each	 pair	 ( 𝑝G, 𝑘G )	 its	 corresponding	 scattering	 coefficient	185 ωG(𝑝G, 𝑘G)	 using	Eq.	(3).	 	186 (3).	 Estimated	 𝐵𝑅𝐹>? 	 and	 the	 ground	 contribution	S	 in	 Eq.	 (1)	 using	 ωG(𝑝G, 𝑘G),	187 structural	parameters	and	understory	HCRF	at	the	sun-sensor	geometry	of	the	Hyperion	188 data	 in	 the	 wavelength	 interval	 [710,	 790	 nm],	 where	 the	 leaf	 specular	 reflection	 is	189 negligible	(Yang	et	al.,	2016).	190 
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(4).	 Selected	 the	 pair	 (𝑝G, 𝑘G)	when	 it	 provided	minimal	 root	mean	 square	 error	191 between	the	Hyperion	BRF	and	SRTM-simulated	BRF	in	[710,	790	nm].	 	192 (5).	Used	the	pair	(𝑝G ,	 𝑘G)	 to	estimate	scattering	coefficient	 in	 the	absence	of	 leaf	193 specular	 reflection	 in	 the	 spectral	 interval	 [500,	 800	 nm],	 and	 utilized	 the	 above	194 scattering	coefficient,	structural	parameters	and	understory	HCRF	to	estimate	 BRFMN,	S	195 and	their	sum	(i.e.,	SRTM-estimated	canopy	BRF)	in	the	absence	of	leaf	specular	reflection	196 in	[500,	800	nm].	197 (6).	 Subtracted	 the	 ground	 contribution,	 𝑆 ,	 from	 the	Hyperion-measured	BRF	 to	198 approximate	 the	 canopy	BRF	under	black	 soil	case	 (i.e.,	 BRF>? 	 in	Eq.	 (1))	 to	yield	an	199 Hyperion	BRF	under	black	soil	(BRF>?,O	).	200 Note	that	the	SRTM-estimated	 𝐵𝑅𝐹>?	 (Step	5)	denotes	canopy	BRF	under	black	soil	201 case	in	the	absence	of	specular	reflection.	The	comparison	between	 𝐵𝑅𝐹>?	 and	 BRF>?,O 	202 in	the	[500,	800	nm]	interval	will	give	the	contribution	of	leaf	specular	reflection	to	the	203 vegetation	canopy	BRF	with	a	black	background.	204 	205 
3.	Results	and	discussion	206 	207 Field	 data	 were	 used	 to	 initialize	 the	 structural	 inputs	 of	 the	 SRTM	 (Step	 1).	 A	208 structural	 parameter,	 directional	 area	 scattering	 factor	 (DASF),	 defined	 as	 the	 ratio	209 between	the	leaf	area	that	forms	the	canopy	boundary	as	seen	along	a	given	direction	and	210 the	total	one-sided	leaf	area	(Knyazikhin	et	al.,	2013),	is	adopted	to	quantify	the	accuracy	211 
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of	structural	inputs.	Comparison	between	the	DASF	derived	from	SRTM	structural	inputs	212 and	the	field	data	shows	that	the	difference	is	4.3%	in	terms	of	relative	root	mean	square	213 error	 (RRMSE),	 as	 shown	 in	 Fig.	 12	 in	 (Yang	 et	 al.,	 2017).	 Further,	 SRTM-estimated	214 canopy	BRF	of	the	18	study	plots	in	the	spectral	interval	[710,	790	nm]	is	achieved	by	215 finding	the	best	pair	(𝑝G, 𝑘G)	(Section	2.3).	Fig.	4	(a)	 illustrates	 the	proximity	of	SRTM-216 estimated	BRF	and	Hyperion-measured	BRF	in	the	spectral	interval	[710,	790	nm].	The	217 RRMSE	 for	 spruce,	 pine	 and	 birch	 stands	 are	 1.9%,	 2.3%	 and	 1.9%,	 respectively,	218 suggesting	 the	 SRTM	 simulation	 provides	 almost	 identical	 canopy	 BRF	 to	 Hyperion	219 measurements	 in	 [710,	 790	 nm].	 Note	 that	 in	 this	 specific	 spectral	 interval,	 the	220 contribution	of	leaf	specular	reflection	to	canopy	scattering	coefficient	is	negligible	(Yang	221 et	al.,	2016).	The	selected	pair	(𝑝G, 𝑘G),	therefore,	could	be	further	used	for	approximation	222 of	 canopy	BRF	 in	 the	absence	of	 leaf	 specular	 reflection	 in	 [500,800	nm].	Overall,	 the	223 SRTM-simulated	BRF	fits	well	with	Hyperion-measured	BRF	for	spruce,	pine	and	birch	224 plots	 in	 [500,	 800	nm],	 as	 Fig.	 4(b)	 shows.	However,	 the	 good	 agreement	 is	 basically	225 attributed	to	the	values	and	distributions	of	canopy	BRF	in	the	700-800	nm	range	while	226 a	deviation	from	the	1:1	linear	relationship	is	observed	in	the	500-700	nm	range	(Fig.	227 4(c)).	 Fig.	 4(d)	 shows	 the	 deviation	 in	 terms	 of	 RRMSE.	 The	 deviation	 conveys	228 information	about	both	leaf	specular	reflection	and	ground	contribution.	229 	230 
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	231 Fig.4.	Correlation	of	bidirectional	reflectance	factor	(BRF)	from	Hyperion	image	232 and	SRTM	estimation	for	spruce,	pine	and	birch	plots	in	the	wavelength	interval	[710,	233 790	nm]	(Panel	a)	and	[500,	800	nm]	(Panel	b)	and	[500,	700	nm]	(Panel	c),	234 respectively.	Panel	d:	Relative	root	mean	squared	errors	(RRMSE,	%)	for	Hyperion-235 measured	BRF	and	SRTM-estimated	BRF	in	the	wavelength	interval	[500,	800	nm].	236 Fig.5	(a~c)	illustrates	S	by	mean	values	in	the	wavelength	interval	[500,	800	nm].	S	237 in	NIR	wavelengths	are	higher	than	that	 in	 the	visible	wavelengths;	a	small	portion	of	238 incoming	photons	in	the	NIR	are	absorbed	by	the	leaves	(Knyazikhin	et	al.,	2013).	The	239 multiple	 scattering	 process	 enhances	 the	 vegetation-understory	multiple	 interactions	240 and	thus	 𝑆	 is	higher	than	that	at	visible	wavelengths.	 	241 The	mean	 ground	 contribution	 ratio,	 defined	 as	 the	 ratio	 between	mean	 SRTM-242 estimated	 𝑆	 and	mean	Hyperion-measured	BRF,	is	shown	in	Fig.	5(d).	 𝑆	 for	pine	plots	243 
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contributes	about	26.5%-45.8%	of	Hyperion-measured	BRF,	higher	than	that	for	birch	244 and	 spruce	 plots,	 whose	 contribution	 ratios	 are	 10.8%-19.1%	 and	 14.5%-23.3%,	245 respectively.	A	potential	reason	could	be	that	more	gaps	were	observed	at	pine	plots	(Fig.	246 2).	The	gaps	increase	the	possibility	that	a	photon	could	reach	the	understory	level	and	247 escape	from	the	canopy,	which	consequently	increase	the	ground	contribution.	 	248 
 249 Fig.5.	Mean	BRF	from	Hyperion	image	(legend	“Hyperion-measured	BRF”)	and	mean	250 estimated	understory	contribution	to	BRF	(legend	“SRTM-estimated	S”)	for	birch	(panel	251 a),	pine	(panel	b)	and	spruce	(panel	c)	plots	in	the	wavelength	interval	[500,	800	nm],	252 respectively.	The	vertical	bars	represent	 ±1	 standard	deviations.	Panel	d:	Contribution	253 ratio	of	understory	to	canopy	BRF.	254 The	 correlation	 between	 SRTM-estimated	 𝐵𝑅𝐹>? 	 and	 Hyperion-measured	255 BRF>?,O 	 under	black	soil	case	was	strong	(Fig	6a).	However,	upon	further	inspection	in	256 
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the	 500-700	 nm	 range,	 there	 is	 departure	 from	 the	 1:1	 line,	 indicating	 leaf	 specular	257 reflection	cannot	be	neglected	(Section	2.2).	 𝐵𝑅𝐹>?	 gives	approximation	of	canopy	BRF	258 under	black	soil	case	in	the	absence	of	leaf	specular	reflection	using	SRTM	simulations,	259 whereas	 BRF>?,O 	 represents	 its	 counterpart	 that	 includes	 contribution	 from	 leaf	260 specular	reflection	using	Hyperion	measurements.	Deviation	of	the	correlation	between	261 𝐵𝑅𝐹>?	 and	 BRF>?,O 	 from	1:1	line	is	thus	attributed	to	leaf	specular	reflection. 262 
 263 Fig.6.	Correlation	of	BRF	corrected	for	understory	influences	from	Hyperion	image	264 (BRF>?,O)	and	SRTM	estimations	(𝐵𝑅𝐹>?)	for	spruce	(in	red),	Pine	(in	blue)	and	Birch	(in	265 green)	plots	in	the	wavelength	interval	[500,	800	nm]	(Panel	a)	and	[500,	700	nm]	(Panel	266 b),	respectively.	Panel	c:	Relative	root	mean	squared	errors	(RRMSE,	%)	for	 BRF>?,O 	 and	267 𝐵𝑅𝐹>?	 in	the	wavelength	interval	[500,	800	nm]. 268 
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This	 is	 further	 illustrated	 with	 the	 RRMSE	 between	 𝐵𝑅𝐹>? 	 and	 BRF>?,O 	 with	270 higher	RRMSE	values	in	the	500-700	nm	range	and	lower	values	in	the	700-800	nm	range	271 (Fig.	6c).	Generally,	the	RRMSE	curve	mirrors	the	shape	of	the	mean	Hyperion-measured	272 BRF	as	presented	 in	Fig.	5.	This	phenomenon	can	be	explained	as	 follows.	At	strongly	273 absorbing	wavelengths,	e.g.,	blue	and	red	wavelengths,	leaf	scattering	that	comes	from	274 interactions	with	 leaf	 interior	deceases,	 and	consequently,	 the	 leaf	 specular	 reflection	275 dominates.	 The	 SRTM	 estimation,	 𝐵𝑅𝐹>? ,	 cannot	 capture	 this	 part	 and	 thus	 causes	276 deviation	 from	its	 true	values,	 BRF>?,O .	Conversely,	at	weakly	absorbing	wavelengths,	277 the	contribution	of	leaf	specular	reflection	to	canopy	BRF	is	reduced	so	that	the	RRMSE	278 is	lower	in	the	700-800	nm	region	(Fig.	5(c)).	The	RRMSE	can	be	33.1%	at	550	nm	and	279 32.8%	at	650	nm	while	only	a	few	percent	in	710-800	nm	region.	The	RRMSE	was	up	to	280 110%	at	500	nm;	however,	low	signal–noise	ratio	and	poor	calibration	of	the	Hyperion	281 sensor	at	this	wavelength	(Pearlman	et	al.,	2003),	and/or	residual	errors	of	atmospheric	282 correction	may	have	contributed	as	well.	 	283 The	above	results	show	that	leaf	specular	reflection	contributes	to	canopy	BRF	under	284 black	soil	case,	especially	at	absorbing	wavelengths.	Because	many	retrieving	techniques	285 were	 developed	 based	 on	 such	 information,	 for	 example,	 remote	 sensing	 of	 nitrogen	286 (Wang	et	al.,	2017)	and	LAI	(Chen	et	al.,	2017;	Yan	et	al.,	2016),	neglecting	of	leaf	specular	287 reflection	thus	may	 introduce	unpredictable	errors.	Leaf	specular	reflection	should	be	288 carefully	accounted	for	precede	these	retrieval	techniques.	289 	290 
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4.	Conclusion	291 
 292 This	paper	extends	the	analyses	of	contribution	of	leaf	specular	reflection	to	canopy	293 BRF	estimation	to	high-to-medium	spatial	resolution	(~30m).	Given	that	the	vegetation	294 canopy	 is	bounded	at	below	by	black	background,	our	 results	 show	 that	whereas	 the	295 contribution	of	leaf	specular	reflection	to	canopy	BRF	can	be	neglected	in	[710,	800	nm],	296 leaf	specular	reflection	significantly	contributes	to	canopy	BRF	in	[500,	700	nm]	(up	to	297 33.1%	at	550	nm	and	32.8%	at	650	nm	in	terms	of	RRMSE).	 	298 In	 addition	 to	 its	 contribution	 to	 canopy	 BRF,	 according	 to	 recent	 studies,	 leaf	299 specular	reflection	also	 introduce	errors	 in	estimation	of	canopy	scattering	coefficient	300 (Latorre-Carmona	et	al.,	2014;	Yang	et	al.,	2016)	and	canopy	gap	fractions	(Kuusk,	2016).	301 Remotely	 sensed	 data	 can	 be	 used	 for	 retrieving	 of	 leaf	 biochemical	 constituents	 and	302 canopy	structure,	in	which	the	leaf	specular	reflection	may	present	a	confounding	factor.	303 To	 minimize	 its	 influences,	 leaf	 specular	 reflection	 should	 be	 accounted	 for	 in	 the	304 radiative	transfer	process.	It	also	should	be	noted	that	leaf	specular	reflection	is	partly	305 polarized	whereas	leaf	diffuse	scattering	is	not	(Vanderbilt	and	Grant,	1985).	Polarization	306 measurement	is	also	a	potential	solution	as	it	is	closely	related	to	leaf	specular	reflection.	307 	308 
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